Soil is an important regulator of Earth system processes, but remains one of 15 the least well-described data layers in Earth System Models (ESMs). We reviewed 16 global soil property maps from the perspective of ESMs, including soil physical and, 17 chemical and biological properties, which can also offer insights to soil data developers. 18
2 General methodology of deriving soil datasets for ESMs spatial distribution of soil properties (i.e., soil property maps) rather than information 152 about soil types. Two kinds of methods, i.e., the linkage method and the digital soil 153 mapping method, are used to derive the soil property maps. 154 Soil maps (the term soil map refers to soil type map in this paper) show the 155 geographical distribution of soil types, which are compiled under a certain soil 156 classification system. There are many soil mapping units (SMUs) in a soil map and an the Global Soil Partnership, which focuses on country-specific soil organic carbon 258 estimates (Guevara et al., 2018) . 259 Because soil property maps are products that are derived based on soil 260 measurements of soil profiles and spatial continuous covariates (including soil maps), 261 it is necessary to discuss the sources of uncertainty, spatial uncertainty estimation and 262 accuracy assessment of these derived data (the last two are different aspects of 263 uncertainty estimation). More attention should be given to this issue in ESM 264 applications instead of taking soil property maps as observations without error. There 265 are various uncertainty sources in the derivation of soil property maps, including 266 uncertainty from soil maps, soil measurements, soil-related covariates and the linkage 267 method itself (Shangguan et al., 2012; Batjes, 2016; Stoorvogel et al., 2017) . The 268 following uncertainties are not a complete list of uncertainties, but the major 269 uncertainties are listed. Uncertainties in soil maps are major sources of global datasets 270 derived by the linkage methods. For these datasets, large sections of the world are 271 incorporated into the coarse FAO SMW map, and the purity of soil maps (referring to 272 the following website for the definition: 273 https://esdac.jrc.ec.europa.eu/ESDB_Archive/ESDBv2/esdb/sgdbe/metadata/purity_m 274 aps/purity.htm) is likely to be around 50 to 65% (Landon, 1991) . Another important 275 source of uncertainty is the limited comparability of different analytical methods for a 276 given soil property when using soil profiles from various sources. A weak correlation 277 or even a negative correlation was found between different analytical methods, 278 although a strong positive correlation was revealed in most cases (McLellan et al. 279 2013). Both datasets of the linkage method and those by digital soil mapping are 280 subject to this uncertainty. Although there are no straightforward mechanisms to 281 harmonize the data, efforts have been undertaken to address this issue and provide 282 quality assessment (Batjes, 2017; Pillar 5 Working Group, 2017) . Another source of 283 uncertainty comes from the geographic and taxonomic distribution of soil profiles, 284 especially for the under-represented areas and soils (Batjes, 2016 uncertainty from the covariates is minor because spatial prediction models such as 291 machine learning in digital soil mapping can reduce its influences (Hengl et al., 2014) , 292 although a more comprehensive list of covariates with higher resolution and accuracy 293 will improve the predicted soil property maps. Spatial uncertainty is estimated by 294 different methods for the linkage method and digital soil mapping methods. For the 295 linkage method, statistics such as standard derivation and percentiles can be used for 296 the spatial uncertainty estimation, and these statistics are calculated for the population 297 of soil profiles linked to a soil type or a land unit (Batjes, 2016) . This estimation has 298 some limitations because soil profiles are not taken probabilistically but based on their 299 availability, especially for the global soil datasets. Uncertainty will be underestimated 300 8 when the sample size is not large enough to represent a soil type. For digital soil 301 mapping, spatial uncertainty could be estimated by methods such as geostatistical 302 methods and quantile regression forest (Vaysse and Lagacherie, 2017) , which make 303 sense of the statistics. The accuracy of the soil datasets derived by digital soil 304 mapping is estimated by independent validation or cross-validation. However, this 305 estimation is not trivial for those data derived by the linkage method due to the global 306 scale, the support of the data and independent data (Stoorvogel et al., 2017) , and most 307 of these maps are validated by statistics such as the mean error and coefficient of 308 determination. Instead, some datasets, including WISE and GSDE, use indictors such 309 as the linkage level of soil class and sample size to offer quality control information 310 (Shangguan et al. 2014; Batjes, 2016) . A simple way to compare the accuracy of using 311 datasets with both methods may be to use a global soil profile database as a validation 312 dataset, though quite a number of these profiles were used when deriving these 313 datasets and questions will be raised. We evaluated several global soil property maps 314 in section 3. Table 1 shows ESMs (specifically, their LSMs) and their input soil datasets. The
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ESMs in Table 1 Table 1 , these datasets were derived from the 325 SMW (note that large sections of GSDE and HWSD still used this map as a base map 326 because there are no available regional or national maps) (FAO, 1971 (FAO, -1981 and 327 limited soil profile data (no more than 5,800 profiles), which gained popularity 328 because of its simplicity and ease of use. However, these datasets are outdated and 329 should no longer be used because much better soil information, as introduced in 9 than the previous version and had comparable performance to that of CLM4.5, which 345 may be partially attributed to the new soil parameters being used as input. Wu et al. 346 (2014) showed that soil moisture values are closer to the observations when simulated 347 by CLM3.5 with the China dataset than those simulated with FAO. Zheng and Yang 348 (2016) estimated the effects of soil texture datasets from FAO and BNU based on 349 regional terrestrial water cycle simulations with the Noah-MP land surface model. Due to these limitations, a better way to estimate these parameters may be to use an 427 ensemble of PTFs, which can provide the parameter variability. Dai et al. (2013) 428 derived a global soil hydraulic parameter database using the ensemble method. The PTF performance in ESMs has been evaluated in many studies, although 441 PTFs have not been fully exploited and integrated into ESMs (Looy et al., 2017) . in ESMs. In addition to the most recent developed soil datasets, we also included one 459 old data set (i.e., IGBP) used in ESMs for the evaluation. It is not necessary to 460 compare all the old data sets because they are based on similar, limited and outdated 461 source data as described in section 2.2. These datasets have coarser resolutions (Table   462 1) than the newly developed soil datasets (Table 2) . 463 We present basic descriptions of the new soil datasets in Table 2 and 3. As 464 described in section 2.1, four available global soil datasets, i.e., HWSD, GSDE,
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WISE30sec and SoilGrids, have been developed in the last several years (Table 2) .
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These soil datasets are selected to be shown here because they have global coverage 467 with key variables used by ESMs and were developed with relatively good data 468 sources in recent years; these data are also freely available. Old versions of these 469 datasets are not shown here. Table 3 shows the available soil properties of these soil 470 datasets. Except for WISE30sec, none of these databases contain spatial uncertainty 471 estimations. The explained soil property variance in SoilGrids is between 56% and 472 83%, while the other datasets do not offer quantitative accuracy assessments. GSDE 473 has the largest number of soil properties, while SoilGrids currently contains ten 474 primary soil properties defined by the GlobalSoilMap consortium.
475
The accuracy of the newly developed soil datasets (SoilGrids, GSDE and HWSD) and an old dataset (IGBP) are evaluated for five key variables using 94,441 soil profiles 477 from WoSIS (Table 4) , though quite a number of the WoSIS soil profiles were 478 considered in the complication of these datasets which means that this evaluation is not 479 independent validation. We used four statistics in the evaluation, including mean error 480 (ME), root mean squared error (RMSE), coefficient of variation (CV) and coefficient 481 of determination (R 2 ). All soil datasets are evaluated for topsoil (0-30 cm) and subsoil 482 (30-100 cm). The layer schemes of soil datasets are different (Table 1) and were 483 converted to the two layers. Soil datasets are high in resolution and were converted to 484 a resolution of 10 km by averaging. All datasets have relatively small ME. In general,
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SoilGrids have much better accuracy than the other three due to RMSE, CV and R 2 , 486 and GSDE ranks the second, followed by IGBP and HWSD. However, IGBP is slightly 487 better than GSDE for bulk density and organic carbon content of topsoil. Notably, only 488 the IGBP does not contain coarse fragments, which is needed when calculating soil 489 carbon stocks. We did not evaluate the WISE30sec here to save time in data processing, 490 because previous evaluation using WoSIS showed that WISE30sec which means that maps with higher resolutions provide more spatial details, and we 499 should judge the map quality by not only the accuracy assessment but also by the 500 resolution. As a result, datasets with higher resolutions (i.e. HWSD, WISE30sec and 501 GSDE) are preferred to those with lower resolutions (i.e., IGBP) because the higher 502 resolution datasets have similar accuracy, especially when the LSMs are run at a high 503 resolution, such as 1 km. Third, the vertical variation is better represented by SoilGrids, 504 GSDE and WISE30sec with more than 2 layers and a depth of over 2m (Table 2) , which 505 will provide more useful information for ESMs, especially when they model deeper 506 soils with multiple layers.
any other typical statistical distribution, the application of statistics such as standard 565 deviation to model use is not proper. This means that the uncertainty in the soil 566 dataset derived by the linkage method cannot be incorporated into ESMs in a 567 straightforward way, and technology such as bootstrap may be more suitable than 568 methods that make assumptions on regarding the distribution.
569
The basic soil properties are often used to derive the secondary parameters, Soil data derived by the linkage methods and high-resolution data can be 697 aggregated by different methods to be use in ESMs. The aggregation should be 698 performed after the secondary parameters are estimated. However, the aggregation will 699 omit the soil property variation. To avoid aggregation, the subgrid method in ESMs is 700 an alternative that increases the model complexity. The effect of different upscaling 701 methods on the performance of ESMs needs to be further investigated.
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Because digital soil mapping has many advantages compared to the traditional 703 linkage method, especially in representing spatial heterogeneity and quantifying 704 uncertainty in the predictions, the new generation soil datasets derived by digital soil 705 mapping need to be tested in ESMs, and some regional studies have shown that these 706 datasets provide better modelling results than products by the linkage method (Kearney Soil texture classes including Na, Ca, Mg and K. ESP is the exchangeable sodium percentage, which is calculated as Na*100/CECsoil. ECE is electrical 1349 conductivity. AWC is the available water storage capacity. The first 9 soil properties on the left, including the drainage class and 1350 AWC class are available for each soil type, while the other properties are available for each layer. Notebly, many different analytical 1351 methods have been used to derive a given soil property, which is a major source of uncertainty. 1352 **texture class can be calculated using sand, silt and clay content. is the coefficient of determination. 1358 
